Salmonella enterica is a global health concern because of its widespread association with foodborne illness. Bayesian models have been developed to attribute the burden of human salmonellosis to specific sources with the ultimate objective of prioritizing intervention strategies. Important considerations of source attribution models include the evaluation of the quality of input data, assessment of whether attribution results logically reflect the data trends and identification of patterns within the data that might explain the detailed contribution of different sources to the disease burden.
of Health, 2015) . The most common form of clinical illness associated with S. enterica infection is gastroenteritis, which is mostly non-severe and self-limiting; however, S. enterica can cause severe disease or complications in some patients (e.g. sepsis). S. enterica has multiple reservoirs, including livestock and domestic pets (Kingsley & Bäumler, 2000) , impairing efforts to identify infection sources and transmission routes. Whereas some S. enterica serotypes have adapted to individual host species, others are frequently isolated from a broad range of species and environments (Uzzau et al., 2000) .
Source attribution models aim to estimate the proportion of human cases attributable to specific sources. Estimates obtained can subsequently be used to guide risk managers and decision-makers in the design and implementation of effective intervention strategies (Pires & Hald, 2010; Sears et al., 2011) . In the United States, different source attribution methods using a variety of data sources have been employed to estimate the burden of human salmonellosis from several food commodities. For example, the relative proportions of domestically acquired, sporadic human Salmonella infections between 1998 and 2003 among multiple food sources were investigated using a molecular subtyping approach (Guo et al., 2011) , whereas other source attribution assessments relied either on expert elicitation (Hoffmann, Fischbeck, Krupnick, & Mcwilliams, 2007) or outbreak-associated illnesses (Batz, Hoffmann, & Morris, 2012; Gould et al., 2013; Painter et al., 2013) . Data collected during outbreak investigations are typically more accessible than sporadic illness data; however, foodborne outbreaks account only for a small proportion of total Salmonella infections in humans and may not be representative of the majority of human cases of salmonellosis (Ebel et al., 2016; Painter et al., 2013) .
Although early risk assessment models estimated the contribution of a single source to the burden of human illness, Bayesian source attribution models for salmonellosis (Hald, Vose, Wegener, & Koupeev, 2004) were subsequently developed to consider multiple sources simultaneously while allowing for uncertainty around input parameters.
Such an approach has been applied internationally and modified over time to accommodate different contexts and pathogens (David et al., 2013; Glass et al., 2015; Guo et al., 2011; Little, Pires, Gillespie, Grant, & Nichols, 2010; . Briefly, the model framework compares the distribution of pathogen serotypes in the source populations to the distribution of serotypes observed in humans via a Poisson regression model fitted within a Bayesian framework. While models developed thus far have provided valuable insights into the contribution of different sources to the human disease burden, they generally rely on a specific type of data that may not always be available. Previous work has, for example, explored the use of different types of prevalence data ). The work presented here proposes a further extension that may allow the model to be successfully used in the presence of data gaps.
Bayesian source attribution models often rely on multilevel data collected in multiple years and sources, requiring significant resources to manually clean and prepare the data. Model outputs are typically one-dimensional and primarily focus on one quantitative figure (i.e. the attributed proportion of human cases to each source). A comprehensive understanding of the characteristics of the input data and results could enhance the way attribution results are understood by, and communicated to, risk managers and other stakeholders. For example, molecular epidemiological analyses, such as diversity statistics and similarity indexes , can be incorporated into the analysis to support model outputs. Additionally, the integration of visual data exploration creates opportunities to dynamically interact with layered data and identify trends to help explain attribution results. Such an approach can help make large, complex data sets digestible through interactive graphics that facilitate incremental exploration of the data (Carroll et al., 2014) .
The objective of the study presented here was to explore the feasibility of using a pillared attribution approach, adding molecular epidemiology and visual data analysis, to a customized Hald model based on the work by , to generate preliminary estimates of the source-specific burden of salmonellosis in Minnesota over a 10-year period using state-level data. Results here will help to inform policy and management activities intended to prevent and control the disease in the state. Additionally, methods presented here may serve as a framework that could be applied to the attribution of sources of infection for Salmonella and other foodborne pathogens in the United States and other regions.
| MATERIALS AND METHODS

| Data sources
Information from human salmonellosis cases reported to the Minnesota Department of Health (MDH) from 2005 to 2014 was
Impacts
• We demonstrate the attribution of salmonellosis to different sources can be enhanced through a pillared approach that incorporates data visualization and molecular epidemiology on top of source attribution modelling. In this study, such supplementary analyses supported findings from the attribution model, demonstrating, for example, high genotype diversity and low similarity between sources.
• We developed a modified Bayesian source attribution model that attributed the majority of salmonellosis cases in Minnesota to chicken. Accounting for a known data gap, we were able to demonstrate the potential impact of a non-sampled source on the number of attributed cases.
• A visual attribution application enabled users to dynamically explore the occurrence of Salmonella serotypes in different sources over time. The ability to interact and filter the data assisted in the detection of data irregularities, facilitating accurate attribution estimates and the interpretation of results.
collected. Data included case serotype (determined by the MDH Public Health Laboratory [PHL]), date of specimen collection, international travel in the 7 days prior to illness onset (self-reported by cases during routine exposure interviews at MDH), and whether the case was part of an identified outbreak. Consistent with the approach developed by Hald et al. (2004) , cases with a history of international travel were excluded, as were cases attributed to an outbreak.
Information on Salmonella isolates of food animal (cattle, swine, poultry) origin isolated by the Minnesota Veterinary Diagnostic Laboratory (MVDL) from diagnostic submissions between 2006 and 2015 was also collected. A detailed description of the MVDL database and cattle and swine isolates is available elsewhere (Hong et al., 2016) .
Finally, data on the relative frequency of Salmonella serotypes strati- by MDH. These food commodity source data represented 4% of isolates derived from non-human sources and were combined with the animal data (e.g. isolates from pork chops were added to animal porcine isolates). The majority (96%) of food-derived isolates came from chicken breasts and ground turkey. Non-human source categories were limited to bovine, porcine, chicken and turkey, because typed isolates from other sources were considered too scarce (n < 50) to be included in the risk model. Further, no data on eggs were available.
The consistency of serotype naming was checked within and between data sources. All serotypes were defined using naming conventions proposed by the Pasteur Institute (Grimont & Weill, 2007) . 
| Diversity and similarity statistics
The data set containing all Salmonella isolates from bovine, porcine, chicken, turkey and sporadic and domestic human cases was used to calculate diversity and similarity statistics. Serotype richness and the diversity of Salmonella serotypes from different sources were esti- 
| Source attribution modelling
| Data preparation
Salmonella isolates originating from non-human sources that did not match a serotype found in Minnesota human cases during the study period were excluded. Similarly, Salmonella isolates originating from humans that did not match a serotype found in non-human sources were excluded. Serotypes that included fewer than five human cases were combined into a serotype designated as 'other', similar to the approach taken in previous studies (Hald et al., 2004; David et al., 2013) . Sampling effort of non-human sources varied across the study period; thus, isolates from non-human sources were not segregated into years. Human isolates were summarized as total cases per serotype per year between 2005 and 2014.
| Attribution model
The source attribution model described by Hald et al. (2004) was modified as
Model parameters are described in Table 1 . Note that this equation does not require the absolute source prevalences p ij or π j ) and instead uses just the relative prevalences r ij , plus the strain i-and the source j-specific factors q i and a j , respectively. This model can therefore be fitted when source prevalence data are not available. Let X ij denotes the number of serotype i isolates observed in source j. The following prior distributions were assumed: The hyperparameter θ represents the precision and also the shape parameter of the distribution of the random effects describing the strain-specific differences q i . In previous versions of the source attribution model, the prior for the source-specific parameter a j was difficult to specify. Here, because the prior mean of q i is one and the relative prevalences sum up to one, the prior mean of a j (which equals α −1 j ) is the expected number of cases from source j. This interpretation allows informed priors for the source-specific factors to be easily defined.
In the current implementation, we chose
Y it ∕TS for all j = 1,…, S, which implies the prior belief that an equal number of cases comes from each source and that cases appear at the average rate observed in the data. That procedure was followed to overcome concerns regarding the choice of uniform priors with fixed boundaries as described by Hald et al. (2004) , as the inferences have been shown in some cases to be sensitive to the choice of boundaries (Glass et al., 2015) . For the remaining hyperparameters, we chose
The distribution of random effects was changed from a log-normal distribution with a mean of 1 to a Gamma distribution with a mean of 1, which allows a Gibbs step to be used to update qi during the Markov chain Monte Carlo (MCMC) (Denison, 2002) . The full conditional distribution was given by
The hyperparameter θ can be fixed, but we chose to specify a prior for θ so that the variance of the random effects was estimated from data.
The relative prevalence parameters r ij were updated using Metropolis-Hastings updates (Chib & Greenberg, 1995) with proposals from the prior distribution in both large and small blocks. The large blocks consisted of all types i = 1,…, I for a given source and the small blocks consisted of just two types for a given source. The sourcedependent factors aj were updated jointly using Metropolis-Hastings random walk proposals on the log scale. To avoid poor mixing when the values of a j were small, single-component Metropolis-Hastings proposals from the prior distribution were applied. The model described above is considered a single attribution model because it assumes that the source attribution is the same for each year in the data set.
In the temporal source attribution model, the source-dependent factors depend on time and therefore produce a different source attribution for each year in the study. Given that the source data are sparser than the human data, and they were not collected throughout the whole study period, relative prevalences r ij that do not depend on time were used.
The temporal attribution model becomes
for year t = 1,…, T and type i = 1,…, I. The mean number of cases is decomposed as
Similarly, a jt ~ Exp(α jt ) is assumed, and
Y it ∕S, dividing the prior weight equally between sources as before.
Convergence was confirmed for all parameters by visual inspection of the trace plots and comparison of the posteriors from chains with randomly chosen starting values. Once convergence was established, any evidence of lack of fit in the source attribution model was likely due to human cases that were difficult to attribute to any of the sources in the model. To help investigate that feature, an additional source, referred to as a non-sampled source, was included in the model (for which no source data were observed) to identify the quantity and profile of unattributable cases. To further assess the model performance, data from a previous Campylobacter source attribution analysis ) were analysed and outputs were compared.
The model was run in R (Version 3.2.3; R Core Team, 2016), and to facilitate dissemination, an associated R package has been developed (available at: www.warwick.ac.uk/sspencer/software). This package containing the updated model includes adaptive proposals so that unreasonable mixing is detected and the proposals are adjusted to combat it. Furthermore, the package includes functions to aid interpretation of the output by non-specialists.
| Visual attribution application development
An application was created to allow users to dynamically investigate the occurrence of Salmonella serotypes in different sources and identify patterns in the data. This application, named Source Explorer, was developed in an RStudio Shiny (http://shiny.rstudio.com) framework, which enabled the tool to be used locally, as a stand-alone version, or through a web-based interface. The data set of Salmonella sero- Table 2 shows the total number of Salmonella isolates derived from human, porcine, bovine, turkey and chicken sources in the full data set and the number of isolates with serotypes found in both human and non-human sources. A total of 991 and 749 international travel and outbreak-associated cases were excluded, respectively. An additional 330 cases were further excluded, as they were either S. Typi, 
| RESULTS
| Salmonella diversity
Rarefaction analysis indicated a larger serotype richness in human
Salmonella isolates than in those from non-human sources (Figure 1 ). In addition, a lower level of diversity was found among isolates from chicken than those from other sources. Simpson's index of diversity of isolates from each source is presented in Table 3 . Salmonella isolates from human, turkey and porcine sources had the highest serotype diversity, whereas isolates from chicken and bovine sources were less diverse. Overall, the PSI analysis indicated a relatively low level of similarity between the different sources (Table 3 ). Human isolates were most similar to porcine isolates; however, 95% bootstrap confidence intervals overlapped between all sources.
| Source attribution
Seventy-five different serotypes were found both in humans and in at least one of the non-human sources, 50 of which included at least five human cases, representing 96% of isolates included in the full data set. The remaining 25 serotypes included 785 isolates and were designated as 'other'.
The number of human salmonellosis cases attributed to each source in the single attribution model is shown without (Figure 2a ) and with (Figure 2b ) inclusion of a non-sampled source. Of 4,672 human cases, the largest share was attributed to chicken, accounting for 2,790 (60%) and 2,049 (45%) without and with a non-sampled source, respectively.
Results from the temporal attribution model are shown in Figure 3 .
A marked change in the attribution estimates after 2009 was observed, with an increase in the number of cases attributed to the non-sampled source. The human cases most frequently assigned to the non-sampled source by the model included serotypes S. 4,5,12:i:-(8.8%), S. Enteritidis (7.6%), S. Berta (6.1%), S. Infantis (5.9%) and S.
Heidelberg (4.0%).
The temporal model generally showed sufficient fit, aligned with previous validations of the model where expected and observed cases were compared to test the validity of the model outputs (e.g. Hald et al., 2004) . A more stringent model assessment was also performed in which the prior and the posterior distributions were compared for each of the relative prevalence parameters. The prior for these parameters is based on the source data while the posterior incorporates both the source and human data, and so if there is disagreement between these two distributions then some of the human data cannot be aligned with any of the sources. A selection of these plots is presented in Figure S1 . Outputs from the data using the current model (data not shown) were consistent with the results presented in the original paper, further supporting the performance of the model presented here.
| Visual attribution
Multiple filters and visualization options facilitated extensive data exploration in Source Explorer. Outputs were visualized in charts and data tables and were instantaneously updated as search variables were modified. Individual serotypes or the top 10 serotypes for each source could be selected and visualized over time. For example, the T A B L E 2 Total number of Salmonella isolates recovered from different sources and the number of isolates belonging to a serotype found in both human and food/animal sources in Minnesota Further, these two serotypes were not frequently isolated from nonhuman sources throughout the study period, representing 0.5 and 2.5% of serotypes isolated from non-human sources, respectively.
| DISCUSSION
Source attribution models continue to be developed and modified to accommodate different environments, pathogens and data sources (David et al., 2013; Glass et al., 2015; Guo et al., 2011; Hald et al., 2004; Little et al., 2010; . A detailed exploration of the data that are inputted into such models can help drive their evolution to best incorporate and model observed data. Therefore, a multi-pillared approach was used here to explore the burden of sporadic, domestically acquired human Salmonella infections in Minnesota from different sources over a 10-year period. Serotype diversity and similarity in human, bovine, porcine, chicken and turkey sources were assessed, and a visual attribution tool was developed to facilitate data exploration and validation. A modified Bayesian source attribution model was subsequently used to estimate the relative contribution of Salmonella isolates from alternative sources.
Source Explorer enabled users to visually assess and interact with the large data sets commonly included in source attribution analyses.
Attribution results here were not only clarified through data exploration, but this visualization tool also helped to identify odd trends in the data, such as drastic changes in the proportion of common serotypes over time. For example, a lack of human S. Typhimurim var.
5-isolates after 2011, whereas that serotype previously accounted for an average of 30% of all human Salmonella serotypes, suggested a change in 2012. Such a finding led to further investigation into serotype naming convention changes by the CDC and the state public health laboratory (CDC, 2014) and ultimately led to the retrospective electronic coding of human S. Typhimurim var. 5-cases after 2011.
Quality of input data is critical to provide accurate attribution results that best explain the burden of human disease. A thorough description of data and whether trends accurately reflect attribution estimates is an important step that should be included in any attribution analysis.
That step further ensures a comprehensive and transparent assessment that can be more easily communicated to various stakeholder groups to build awareness and engagement and ultimately support the development of control strategies (Carroll et al., 2014) .
The highest number of sporadic and domestic cases was attributed to chicken in the single attribution analyses, both with and without the inclusion of a non-sampled source. In the temporal analysis, the nonsampled source had the most attributed cases, followed by chicken.
That finding supports previous attribution studies in the United States, where poultry was the leading source of human salmonellosis (Batz et al., 2012; Gould et al., 2013; Guo et al., 2011; Hoffmann et al., 2007) . The temporal attribution results showed a surprising amount of smoothness over time in the early part of the study, particularly considering that no smoothing factor was incorporated into the model.
That time period is also when most of the data originated from some sources and so it may well be the case that changes in attribution seen after 2010 may be the result of the source data becoming out of date rather than such substantial changes in the number of cases coming from each source.
The wide credible intervals in Figure 2b show that there is a large amount of uncertainty in the estimates regarding the dominant source in the single attribution model, with poultry and non-sampled being the two largest estimates. In the temporal attribution model, there is a period where poultry appears to make the largest contribution and a period where non-sampled appears to make the largest contribution. an approach (Pella & Masuda, 2001 ). The consistent results obtained using data from a previous source attribution analysis ) encourage the use of this model in additional settings. The availability of the model in a dedicated R package will facilitate this.
The supplementary (molecular) epidemiological analysis supported findings from the attribution model. Diversity and similarity statistics highlighted a high degree of diversity and low similarity of Salmonella serotypes isolated from all sources. Rarefaction curves for each of the sources did not appear to reach a plateau, indicating that the serotype richness was not fully captured by the current data set and increased sampling effort in all sources could improve the model fit. Serotype richness was greatest in humans, even when accounting for sampling effort, and the PSI results indicated that overall similarity between sources was relatively low. Low similarity between non-human sources can be advantageous in an attribution analysis, as it supports the attribution of specific serotypes to those sources in which it is uniquely found (Barco, Barrucci, Olsen, & Ricci, 2013) . In a previous study evaluating Campylobacter spp. in New Zealand ), a higher similarity among sources and humans was found, with similarity estimates ranging from 0.18 to 0.58.
The most appropriate subtyping method for source attribution is one that provides an appropriate level of discrimination to define subtypes associated with specific sources (EFSA Panel on Biological
Hazards, 2013). Serotyping is a common method for differentiation of Salmonella types, although molecular typing methods (e.g. multiplelocus variable-number tandem repeat analysis, pulsed-field gel electrophoresis) have also been used (Barco et al., 2013) . In some attribution studies, authors adjusted the serotype nomenclature, minimizing the total number by combining variants of the same serotype. For example, This was not performed here because serotype variants were assumed to not change during the course of transmission and sampling. Further supporting this decision, S. Typhimurium and Typhimurium var. 5-were the two most commonly isolated Salmonella serotypes, yet were differentially distributed among sources in this study, with var 5-known to show some host association to swine reservoirs; hence, that feature provided critical anchor points for the attribution model, which relies on host association of subtypes. In consequence, the differentiation of the large number of S. Typhimurium isolates into two distinct serotypes in this study improved the model fit.
Minnesota data were exclusively used in the source attribution analysis, despite much of the food consumed in Minnesota likely originated from outside the state. Nevertheless, there is an increasing trend in the consumption of locally produced foods, as consumers seek direct farm to retail options (Low et al., 2015) . Local production, import and export data have also been included in an attribution analysis to account for the flow of food commodities across borders (De Knegt, , revealing that individual countries within the European Union had different attribution estimates. Further efforts in expanding data collection at a state level in the United
States could similarly help to elucidate spatial patterns in attribution.
Inclusion of data on geographical origin of isolates from retail foods, such as where the foods were processed and purchased, could also potentially refine the current analysis. An expanded data collection in the United States should ideally include a large number of samples originating directly from food sources or food processing environments, as opposed to animal reservoirs, which is where the majority of non-human isolates in this study were derived. Nevertheless, given the lack of data from food sources, such data from animal sources are commonly used in source attribution analyses . As with any analysis that relies on reported cases, under-reporting of salmonellosis may have introduced some bias into this study.
In summary, results presented here demonstrated an enhanced approach to source attribution that encourages data exploration through diversity statistics and visual attribution both prior to and after the use of a Bayesian source attribution model. These results will help to inform preventive and control strategies for Salmonella infection in Minnesota.
